This paper presents an integrated method by using optical flow and kernel particle filter (KPF) to detect and track moving targets in omnidirectional vision. According to the circle character in omnidirectional image, the algorithms of optical flow fields and kernel particle filter are improved based on the polar coordinates at the omnidirectional center. The edge of a motion object can be detected by optical flow fields and is surrounded by a reference region. In order to resolve some shape distortions such as rotation and scaling in the omnidirectional image a dynamic elliptical template with affine transformations is constructed and its motion model is established to predict particle state. Histograms are used as the features in the reference region and particle regions. The Bhattacharyya distance is computed for particle weights. Gaussian kernel function is used in kernel particle filter. Experiment results show that the method can detect and track moving objects and has better performance at real-time and accuracy.
Introduction
The aim of detection and tracking is to extract moving targets information exactly from complex background, select proper target features, and track moving targets at real-time. The detection and tracking of real-world objects is a challenging problem due to the presence of noise, clutter and dynamic changes in a scene. A variety of detection and tracking algorithms have been proposed and implemented to overcome these difficulties.
Optical flow expresses the variation of image and information of motional targets, and it can be used to detect the motion of objects (Jin, Junhong, Wang, Lulu, & Hong, 2005) . This approach does not need to define features of a moving target in advance. Optical flow has been extensively studied in the computer vision community. Ha et al. (2004) proposed to detect flying vehicles motion by optical flow algorithm. Yamamoto, Mae, Shirai, and Miura (1995) detected multiple moving objects based on optical flow. Tsutsui, Miura, Jun, and Yoshiaki (2001) used an optical flow way to detect persons by using multiple cameras in indoor environments. However, optical flow computation needs a lot of time, so it is not suit for real-time tracking.
Particle filter (PF) has also been widely used in visual tracking field. It offers a probabilistic framework for dynamic state estimation. It is successful for nonlinear non-Gaussian estimation problems. PF does not perform well when the dynamic system has a very small process noise, or if the observation noise has very small variance. In these cases, the particle set quickly collapses to one single point in the state space and the filter performance is severely affected. Ansari (2003, 2005) and Chang, Ansari, and Khokhar (2005) have proposed a kernel particle filter (KPF) that invokes mean shift to allocate particles more efficiently and use importance sampling to maintain fair samples from the posterior. We compare KPF with the standard PF using simulated and video tracking and show that KPF have better performance on accuracy and speed.
In our system an omnidirectional camera with a fish eye is used. The omnidirectional vision (omni-vision) can provide a 360°view of the environment in a single image and has been applied in the field of computer vision in recent years. For its advantages of omni direction, compact visual information and direction features, it is of great promising for target tracking and is suitable to wide range applications, such as autonomous navigation (Guo & Qin, 2007) , scene reconstruction and surveillance (Delahoche, Pegard, Marhic, & Vasseur, 1997), etc. In this paper, optical flow field is used to detect moving targets and kernel particle filter is used to track the detected moving objects. Based on the circle character of the omni-image, the polar coordinate is constructed to decrease the number of computed pixels. The calculation equation of optical flow fields and the tracking algorithm of KPF are improved at the polar coordinates. The edge of a random motion body is detected by optical flow fields and is surrounded by an ellipse named as a reference region in KPF. After detecting the target region, the histogram is picked up as the feature of candidate regions and reference region. A dynamic motion model is established to predict particle state. The Bhattacharyya distance is computed for particle weights. The particles with small weight are sampled again. Finally, the target state is computed by the total of particle states with weights.
2. Detecting moving target using optical flow algorithm
Optical flow algorithm
The estimation of the motion fields is called optical flow fields (Wang, Huang, & Lin, 2006) , which are direction vector fields. For the calculating optical flow fields, it may be assumed that the object brightness is changeless when the object motion. Given a brightness function I(x, y, t) at a pixel position (x, y) and time t, this brightness conservation condition can be written as:
Iðx; y; tÞ ¼ Iðx þ v x t; y þ v y t; 0Þ ð 1Þ
where v x and v y are defined as the components of the motion velocity in x and y direction, respectively. Difference I(x, y, t) with respect to t is assumed as zero, given as the following equation.
2.2. Constructing the polar coordinate on an omni-image
Omni-images are circular. Each pixel in the omnidirectional image has its brightness. Its brightness can be exactly acquired based on either the XY coordinates or the polar coordinate. Since the optical flow computation cost too much time, we propose constructing the polar coordinate.
The center O(0, 0) at the XY coordinates is located on the lefttop. The center O 0 (R, R) of an omni-image (see Fig. 1 ) can be obtained. The (XY) coordinates can be transformed into the (X 0 Y 0 ) coordinates. A pixel P(x, y) can be transformed into P(x 0 , y 0 ) which is based on the center O 0 (R, R) of the omni-image. The polar coordinates system can be calculated by the following equations.
where h (0°6 h 6 360°) is the intersection angle between O 0 P and X 0 axis, and r is the length of O 0 P (0 6 r 6 R).
Calculating the velocity fields and detecting moving targets
Every pixel has brightness at (r, h) polar coordinates. The line of every 1°is picked up from the center to the boundary of omni-image. The length of the line is from 0 to R. The angle h of the line is from 0 to 359. So the total number of pixels is 360 Â R. The optical flows of these pixels are calculated. So the number of pixels is declined greatly compared with original image. The time of computing optical flow is shorter. The speed of recognizing moving target is improved.
I r , I h , I t can be calculated from the previous frame, current and next based on polar coordinates. Here, the 3D Sobel convolution kernel is used. Each sum of I r , I h , I t is computed by 3D Sobel convolution kernel. u r,h is the centripetal velocity from r to the center, v r,h is the angle velocity. The following equations are used to calculate the velocity fields [u r,h , v r,h ] for each pixel (r, h) in the current frame at polar coordinates.
In these equations, ½u Accord to the velocity fields [u r,h , v r,h ] each pixel (r, h) can be determined whether from moving target or from background
Kernel particle filter
According to , , we use KPF algorithm to track moving targets.
Given a particle set at time t: S t ¼ fs . Denote the target state and observation at time t as x t and z t , respectively. x t 2 R nx ; z t 2 R nz . Let z 0:t be the history of observations up to time t. In recursive Bayesian estimation, the posterior PDF is estimated by propagating the PDF over time:
where
Kernel density estimate (KDE) (Silverman, 1986 ) is used in this work to form a continuous estimate of the posterior in order to facilitate gradient estimation. The kernel density estimation of the posterior with kernel K can be formulated aŝ
where K k is the kernel scaled by the kernel width k
Mean shift can be used as a mode-seeking procedure to locate the posterior modes (Cheng, 1995) . Each particle is moved to its sample mean determined by
The mean shift is applied repeatedly to a particle set. Denote the particle set after the jth mean shift procedure at time t as fs ðÁÞ t;j g. After each mean shift procedure, the weight is re-computed as the posterior density evaluated at the new particle positions augmented with a particle density balancing factor And the posterior density is given by
The KPF pseudo code ) is given in Table 1 .
Experiments
Our intention is to use the most appropriate method to detect and track moving targets through omni-vision.
Detecting experiment
Using the improved computing method of optical flow we can detect the moving target at a higher speed on omni-images. The initial k is 0. [u r,h , v r,h ] is initialized as 0 for each pixel. The average centripetal velocity u k r;h for each pixel is computed along the direction of (r + 1,r, r À 1) by using [1 1 1; 1 0 1; 1 1 1] as the kernel. The average angle velocity v k r;h for each pixel along the direction of (h + 1,h, h À 1) by using [0 1 0; 1 0 1; 0 1 0] as the kernel. The parameter a is the smoothness factor, here a = 500.
The optical flow fields can be computed by using its previous frame, current frame and its next frame, for example Fig. 2 .The moved object's optical flow is different from the others in background from Fig. 3 . The moving target in optical flow fields can be located. So the optical flow technique can be used to obtain the initial target region. The region is defined as the reference region in the particle filter. Next step is to use KPF to track the moving object.
Tracking experiment

Simulation
In tracking people system, the people often do rotation, turning, accelerating and other movements. The typical nonlinear model is used as following.
The observation equation is as follows:
where a kÀ1 is a zero-mean white Gaussian noise with covariance Q = 1, denote the initial state of the target x 0 ¼ 0:1, and the initial mean square error P 0 = 2. b kÀ1 is a zero-mean white Gaussian noise with covariance R = 1. Gaussian kernel function is used in KPF. In our experiments we set k i = g i k 0 , where k 0 ¼ 1 2 k opt , and g is a number empirically chosen to be 0.8. The running number is 50 times in PF and KPF at different particle numbers. The estimated states in PF and KPF with 100 particle numbers are showed in Fig. 4 .The average root mean square errors (RMSE) with different particle numbers are shown in Fig. 5 .
It is shown from Fig. 5 that KPF with less particle numbers gives the better performance before 200 particle numbers than PF. PF with 300 particles achieved the best performance while KPF with 100 samples and three iterations (300 weight computations) gives the better performance. It is clear that KPF provides faster convergence. But with the increase of the particle numbers beyond 300, the performance of KPF reduced quickly than that of PF.
4.2.2. Video tracking 4.2.2.1. Constructing a dynamic elliptical template with affine transformation. Before tracking object, the region of moving target has been extracted. As the shape of object is always changed and distorted in omni-image, a fixed template could not change as the distortion of moving target. So we propose constructing a dynamic elliptical template with affine transformation. An ellipse model to represent object region is used, which is more similar to the object shape in omnidirectional image. Eq. (15) is a normal ellipse equation.
Eq. (15) is changed in the polar coordinates as following:
Affine transformation model can be described as Eq. (17):
To construct a dynamic ellipse model according to the change of object shape, the affine transformation model can be modified in the polar coordinate as: 4.2.2.2. Tracking moving targets using kernel particle filter. We randomly distribute particle set as
. . . ; ng and n represents the number of particles.
Random dynamic model to predict particle state information is defined as following.
To the ith particle,
The parameters of A 1 , A 2 , A 3 , A 4 are constants, B 1 , B 2 , B 3 , B 4 represent particle propagation radiuses. The parameter of x tÀ1 represents a random number between [À1, 1].
The weight of each particle is determined by the Bhattacharyya factor based on particle color histogram H i and template color his- 
If the weight of a particle is too small, the particle is reset using the resample technique. Here, the particle with smaller weight is covered by the particle with the largest weight.
After normalizing the particle weights, the parameters of tracked target are computed as following and they are the sum of particles' weighted parameters.
We present results by tracking an object, and show that kernel particle filter is superior to conventional particle filter in tracking rapid motion.
The random motion is tracked by PF and KPF. The test video sequence consists of 300 frames of an object moving in a laboratory environment. The motion of the object includes velocity changing and suddenly direction changing. The picked up ellipse area is defined as the model of the object. A few frames of the tracking results using PF and KPF are shown in Fig. 6 . Here, the noise x t is assumed to be a Gaussian process with zero mean. Gaussian kernel function is used in KPF. In order to improve the computing speed, in our experiments we set k i = 1, and the parameters of k, A 1 , A 2 , A 3 , A 4 , B 1 , B 2 , B 3 , B 4 are all defined as 1.
From Fig. 6a we can see the center of all particles is in the left of the center of moving object. The PF with 200 particles tends to lag behind when the object produces quick movement that fail to cover the likelihood modes. On the other hand, From Fig. 6b we can see the center of all particles is close to the center of moving object. KPF with 30 particles and three iterations is able to move exactly track the object throughout the sequence. From Fig. 6c we can see the dynamic elliptical template has the function of affine transformation.
Conclusion
In our experiments, the proposed methods have better performance and can track unexpected random motion and distortion of object. In initial detection state, the required computation time is very longer. Experiment results show that the target template can do affine transformation and the ellipse shape can be changed as the moving target. Thus, the tracking methods keep tracking precise very well when the object rotates or distorts in omni-vision image. At the same time, we use two methods of PF and KPF to track an object. The KPF algorithm is found to provide improved tracking performance in handling rapid motion and occlusion with 85% fewer particles, compared with PF. Next steps of our works should consider finding a better method to save computation time and improve the robust of the estimation.
